ENIGMA: A Unified Lightweight EEG-to-Image
Model for Multi-Subject Visual Decoding

Reese Kneeland! Wangshu Jiang''> Ugo Bruzadin Nunes' Si Kai Lee!
Paul S. Scotti®* Arnaud Delorme® Jonathan Xu'
! Alljoined
2University of Waterloo
3Sophont
“4Princeton Neuroscience Institute
SUniversity of California San Diego

4 N\
ATM-S (Li et al. NeurlPS 2024) ENIGMA (ours)
THINGS-EEG2 Alljoined-1.6M THINGS-EEG2 Alljoined- 16M
R TG FRRERRERRER § § % ® FREEF

b
TRELI-TT

o

T
li J

el

g4

~13M Parameters x 30 Subjects =
383M Parameters

e

Ground Truth

Figure 1: ENIGMA (ours) vs ATM-S [ 1] comparison of model size, methodology,
and reconstructions of a seen image from EEG brain activity across subjects from
the THINGS-EEG?2 [2] (green cap) and Alljoined-1.6M [3] (red cap) datasets.

Abstract

To be practical for real-life applications, models for reconstructing seen images
from human brain activity must be effective on affordable scanning hardware,
small enough to run locally on accessible computing resources, and easily and
consistently deployable across multiple subjects in downstream tasks. To directly
address these current limitations, we introduce ENIGMA, a multi-subject elec-
troencephalography (EEG)-to-Image decoding model that reconstructs seen images
from EEG recordings and achieves state-of-the-art (SOTA) performance on the
research-grade THINGS-EEG2 and consumer-grade AllJoined-1.6M benchmarks.
ENIGMA boasts a simpler architecture and has ~120x fewer parameters than
previous SOTA methods, integrating a set of subject-specific encoder layers with a
subject-unified spatio-temporal backbone to map raw EEG signals to a rich visual
latent space. We evaluate our approach using a broad suite of image reconstruc-
tion metrics that have been standardized in the adjacent field of fMRI-to-Image
research, and we describe the first EEG-to-Image study to conduct extensive be-
havioral evaluations of our reconstructions using human raters. Our simple and
robust architecture provides significant performance improvements across both
research-grade and consumer-grade EEG hardware, and provides a substantial
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boost in cross-subject decoding alignment. Finally, we provide extensive ablations
to determine the architectural choices most responsible for our performance gains
in both single and multi-subject cases across multiple benchmark datasets. Collec-
tively our work provides a substantial step towards the development of practical
brain-computer interface applications.

Keywords: EEG; brain decoding; image reconstruction; brain-computer interface;
diffusion

1 Introduction

Reconstructing visual experiences from brain activity has long been a goal of both neuroscience
and machine learning, and a foundational step for building decoding algorithms for practical brain-
computer interface (BCI) applications. While functional magnetic resonance imaging (fMRI) using
the Natural Scenes Dataset (NSD) [4, 5] has recently yielded striking reconstructions of seen images
using latent diffusion models [0], electroencephalography (EEG)-based reconstruction remains chal-
lenging due to EEG’s low signal-to-noise ratio and spatial resolution. Despite these limitations, EEG
remains appealing for real-time BCI applications because of its temporal precision and inexpensive,
portable form factor.

Existing EEG-to-Image decoding research spans a wide range of architectural approaches: Fei
et al. [7]’s Perceptogram demonstrates a simple linear mapping from EEG to an expressive CLIP
(Contrastive Language-Image Pretraining [8]) image embedding space, and when combined with a pre-
trained diffusion model suffices to produce recognizable images, while Li et al. [1] proposes a highly
complex architecture (ATM-S) utilizing a transformer-based brain encoder and a two-stage generation
process utilizing the diffusion prior introduced in Scotti et al. [9]. The overlap in these approaches (as
well as parallel work in fMRI-to-Image methods) underscore the promise of CLIP-guided diffusion
models for reconstructing images from brain activity, however, the drastic discrepancy between the
remaining architectural choices highlights the need to examine the effectiveness of these various
techniques in the context of broader BCI research and the utility of deploying these models in practical
use cases.

The recent release of the Alljoined-1.6M dataset—designed for evaluating the effectiveness of these
methods on affordable hardware—provides a tool for refining EEG-to-Image models to be robust
to drops in hardware quality and incorporate large numbers of subjects. We believe that these
and the ability to run locally on accessible computing resources are fundamental requirements for
the development of practical BCI applications, and warrant significantly more attention in current
research. Existing benchmarks on Alljoined-1.6M [3] demonstrate that complex architectures such
as ATM-S can be fragile in such cases, illustrating the difficulty of translating current research to
affordable hardware settings.

Most existing methods for EEG-to-Image decoding [10, 7] require specialized models to be trained
for each subject, resulting in a linear increase in parameters as models are trained on additional
subjects. While Li et al. [1] does support training a unified model in parallel across multiple subjects,
doing so leads to a substantial performance drop, and still requires training separate models for each
subject to obtain reasonable performance. Having a subject-unified model that performs consistency
and reliably across multiple subjects in parallel at inference time is a very desirable property for
decoding models whose outputs are used in downstream BCI applications.

In this paper, we introduce ENIGMA (EEG Neural Image Generator for Multi-subject Applications),
a subject-unified model for reconstructing seen images from EEG recordings'. Our approach includes
several notable contributions to address the gaps in current research identified above:

(1) ENIGMA produces state-of-the-art performance on both the research-grade THINGS-EEG2 and
consumer-grade Alljoined-1.6M EEG benchmark datasets. We are also the first work to provide
extensive evaluations of our method using behavioral experiments with human raters, a standard
in the adjacent field of fMRI-to-Image research. (2) Our model is unified across subjects (and
datasets), resulting in a ~120x reduction in the number of parameters (ENIGMA (Multi-Subject) vs
ATMS (Single-Subject) on THINGS-EEG?2 + Alljoined-1.6M) needed to reliably decode images from
multiple subjects when compared to single-subject modeling approaches. (3) We conduct detailed
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analyses of our method and previous approaches on EEG-to-Image decoding: we investigate which
aspects of current architectures are most effective across differences in hardware quality/multi-subject
use cases, and the alignment consistency of the decoded embedding space in single and multi-subject
configurations, for both research-grade and consumer-grade EEG hardware setups.

2 Related Work

EEG-based Visual Decoding. Decoding visual content from EEG recordings spans approaches
across classification, retrieval, and image reconstruction. While early studies collected EEG record-
ings in response to visual stimuli (Spampinato et al. [11]), many contained confounds that made
it difficult to decode true semantic content [12], highlighting a need for better data and methods.
This critique, along with improvements in EEG preprocessing and experimental design, led to the
development of the family of THINGS-EEG datasets as part of the THINGS initiative. Grootswagers
et al. [13] released THINGS-EEG (50 subjects, 1,854 concepts) using rapid serial visual presentation,
and Gifford et al. [2] further improved upon THINGS-EEG with THINGS-EEG2, emphasizing trial
randomization and quality control, which has since become a standard benchmark for EEG vision
decoding. On THINGS-EEG2, new methods [10, |] employing contrastive learning between image
and EEG features have achieved significant gains in zero-shot object classification. Alljoined-1.6M,
The latest release from the THINGS initiative, extends this paradigm to twice as many subjects and
to a consumer-grade EEG hardware setup, providing a new set of tools for developing and evaluating
EEG-based visual decoding methods for practical use.

Diffusion Models for Brain Decoding. The advent of generative diffusion models has revolutionized
neural decoding for adjacent scanning modalities like fMRI [14, 9, 6, 15—19]. Takagi and Nishimoto
[15] demonstrated some of the first high-resolution image reconstructions from fMRI by mapping
fMRI activity into the latent space of a diffusion model. Ozcelik and VanRullen [ 4] were the first to
show that latent diffusion can reconstruct natural scenes from fMRI with high semantic fidelity, and
defined a set of evaluation metrics combining low-level (pixel-wise) and high-level (feature-based)
similarity measures that have become standard [ 14, 9, 6, 15—19]. While fMRI enables finer-grained
reconstructions due to its high spatial resolution, EEG’s superior temporal resolution and portability
makes it more suited for real-time applications, despite its lower signal fidelity.

In the space of EEG-to-Image reconstruction methods, Li et al. [1] introduced a specialized EEG
encoder called the Adaptive Thinking Mapper (ATM-S), which uses a two-stage decoding approach
comprising a transformer, a CNN, an MLP, and a diffusion prior before using the decoded CLIP
vector to generate an image reconstruction using a diffusion module. One downside of this approach
is the complexity of the ATM-S architecture, which requires careful tuning of many intricate ar-
chitectural components and multiple sequential training stages. It was also shown with the release
of the Alljoined-1.6M dataset that this degree of complexity results in brittleness on lower grade
EEG hardware [3]. While the architecture does support multi-subject training through a learned
subject embedding in the transformer stage, training ATM-S on multiple subjects produces a sub-
stantial performance drop, so for most analyses in this work we use the model in its single-subject
configuration.

Inspired by Ozcelik and VanRullen [14], Perceptogram [7] utilizes a linear transform to map EEG
recordings to a CLIP embedding space, and generates images directly from the predicted embeddings
using a diffusion model. While its reconstructions still contain less detail than fMRI-based recon-
struction, the approach of [7] demonstrates the significant power of robust linear models in producing
recognizable images from low SNR brain activity patterns, and achieved state-of-the-art performance
on the THINGS-EEG?2 dataset. The authors also observed that EEG reconstructions preserve certain
categories (e.g., animals, food) better than others, and linked them to existing EEG signatures.

3 ENIGMA

We designed our model to adhere to several key requirements for practical BCI applications: (1) High
performance on both research-grade and consumer-accessible EEG hardware. (2) A unified model
architecture that works across many subjects using only a single model. (3) A small, scalable, and
efficient design that minimizes model complexity and compute needs.



To meet these requirements, our proposed model, ENIGMA, has 4 components (depicted in Figure
2): A set of subject-specific linear encoder layers, a spatio-temporal convolutional neural network to
learn the semantic information encoded in the spatial and temporal dimensions of the input signal, an
MLP projector to the ViT-H/14 CLIP [8] embedding space, and an image reconstruction module, i.e.,
SDXL.
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Figure 2: During training, brain activity from each subject is passed through its own subject-specific
encoder layer, after which the embeddings xggg from all subjects are passed through a shared pathway
of spatio-temporal convolutions, producing an intermediate latent vector zggg. This latent is passed
through a fully connected MLP projection layer to produce the output cggg vector. Details of these
procedures are provided in Section 3.2.

3.1 Datasets

THINGS-EEG2 [2] is the current public benchmark for EEG-based visual decoding. It contains
64-channel ActiChamp (costing ~$60,000) recordings recorded at 250Hz from 10 participants
viewing 16740 unique images in a rapid serial visual-presentation paradigm. 200 of these images are
designated as the testing set and are repeated 80 times each, while the remaining 16540 images in the
training set are repeated 4 times each, for a total of ~820k trials across the whole dataset

Alljoined-1.6M [3] is a follow-up corpus of EEG responses to visual stimuli collected with a much
cheaper 32-channel Emotiv Flex 2 gel headset (~$2,200) at 250Hz comprising the same stimuli and
experimental paradigm as THINGS-EEG2, across 20 new subjects, for a total of ~1.6M trials.

Our preprocessing steps are in A.1. When reproducing other methods, we follow their preparation
and preprocessing steps.

3.2 Architecture

Subject-wise Encoder Layers To account for systematic differences between subjects, we learn a
set of subject-specific fully-connected linear encoder layers W, € RN7*N7 that output a common
aligned representation x g g across subjects. This alignment step ensures that downstream modules
learn a shared CLIP embedding across subjects, which reduces the number of parameters needed by
our multi-subject model.

Spatio-Temporal Backbone Next, the aligned EEG data xggg is passed through an embedding
module that applies convolutions over the temporal and spatial dimensions of our data. We treat
multichannel EEG as an "image" of shape 1 x N¢ X Np. A temporal 2D convolution (kernel (1, 5),
Nr = 40 feature maps) is followed by average pooling over time (kernel (1, 17), stride 5), batch
normalization (BN), and a GELU non-linearity:

h = GELU(BN(AvgPool, 17 5(Conv2D s (wppa))) ), b € RV NexT,

where N = LWJ + 1 (i.e., Ny = 250= N/ = 46). Next, a spatial convolution (kernel
(N¢, 1), Np) integrates information across channels, followed by BN and GELU yields:

ha = GELU(BN(Conv2D}E (1)) ), hy € RNFXIXNE



We apply dropout [20] (p = 0.5) for regularization and project the features to an embedding
dimension E, = 4 with a 1 x 1 convolution. Finally, we flatten the output € RE*1xV Ttoa sequence
2ppc €RY 7°F (0 obtain 184 features per trial.

MLP Projector After obtaining the zggg feature vector, we use a projection head to map it to the
final CLIP ViT-H/14 latent dimension D = 1024. The head is a feed-forward MLP network with
a skip connection: a linear layer from 184 to 1024, followed by GELU and dropout, then another
linear layer, and finally layer normalization. The residual is added to the output of the second linear
layer before normalization, to help stabilize training and allow the model to refine the initial linear
projection with non-linear adjustments. The module outputs the EEG embedding cgpg € R19%4.

Image Reconstruction To generate images from the EEG embedding cggg, we leverage Stable
Diffusion XL Turbo (SDXL) [21], and its associated CLIP ViT-H/14 image-prompt adapter (IP-
Adapter) [22]. The IP-Adapter is a lightweight module inserted into SDXL’s cross-attention layers,
which enables an image embedding to steer image generation alongside an optional text prompt. We
optimize our model to predict the CLIP ViT-H/14 image embeddings expected by SDXL Turbo’s
IP-adapter as input. Formally, SDXL solves:

T ~ N(07 1)7
Ty—1 = fo(%t, Cext; CEEG, t) + nOise,
fort = T, T — 1,...,0, where cey is the text context (which in our case is an unconditional

placeholder embedding) and cggg is our injected EEG image embedding. We run the diffusion for 4
inference steps, which is standard for this version of SDXL.

Loss Function Following Li et al. [1], we align the EEG embedding cggg to the CLIP ViT-H/14
image embedding of the stimulus image fcyp(image) € R'24 by minimizing the Mean-Squared
Error (MSE) between the two and regularizing with the InfoNCE contrastive loss [23, 8]. The former
matches the EEG embedding to its corresponding image embedding in CLIP latent space, and the
latter ensures that the embedding retains relevant directional semantics within the CLIP manifold,
while learning to discard the subject and session-specific information. The relative weight of these
two losses is modulated by A = 0.5

Unlike Li et al. [1], we chose not to normalize fcrp(image) in the MSE component to ensure that
the learned cggg respects the geometry of the CLIP embedding space. Doing so negates the need
for the secondary diffusion prior training stage in Li et al. [ 1] that was used to learn the magnitude
of the CLIP embedding. This intuition is confirmed by our ablation analyses in Section 4.2, which
shows that the inclusion of the diffusion prior negatively impacts reconstruction performance for our
architecture.

Our overall loss function is

L = MSE(cggg, feup(image)) + A InfoNCE(cggg, norm( forp(image))

Training is performed in FP32 on an RTX 3090 GPU with 24GB of VRAM, using AdamW optimizer
with learning rate 3e — 4. We train for 150 epochs on the training split of both THINGS-EEG2 and
Alljoined-1.6M simultaneously (30 subjects, ~2M training trials). The model takes 21 hours to train
across all 30 subjects, and 45m to train for a single subject on an RTX 3090 GPU. We note that in
practice our model could also be trained on GPUs with as little as 8GB of VRAM.

4 Results

We evaluate ENIGMA against the only available EEG-to-Image baselines, Perceptogram [7] and
ATM-S [1], and report results on two of the most prominent benchmarks: THINGS-EEG?2 [2] and
Alljoined-1.6M [3].

Figure 3 presents a set of the best reconstructed images from EEG, comparing our method with
available baselines on both available datasets. These examples illustrate typical outcomes: our
reconstructions generally capture the correct high-level object, e.g., oranges, sheep, furniture, etc.
Perceptogram’s are usually blurrier and sometimes miss the object entirely, e.g., producing a vague
shape or significant visual distortions. The ATM-S images are categorically similar, but are often less
visually specific to the object being decoded.
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Figure 3: Qualitative comparison of reconstruction methods on seen stimuli from THINGS-EEG?2 and
Alljoined-1.6M. Reconstructions selected are the outputs sampled from each method and stimulus
with the highest scores on all of the image feature metrics in Table 1.

Method Model Properties Low-Level High-Level Retrieval Human Raters
# of Parameters | PixCorr T SSIM 1 Alex(2) 1 Alex(5) 1 Incept CLIP1 Eff | SwAV | Top-11 Top-51 Top-101 Ident. Acc. T
THINGS-EEG2

ENIGMA (Multi-Subject) 3,175,392 0.162 0413 80.49% 86.54% 73.45% 77.34% 0.878 0.553 22.55% 50.75% 64.05% 82.03%
ATM-S (Multi-Subject) 12,815,311 0.072 0403 57.09% 58.99% 52.86% 55.04% 0.963 0.663 16.20% 45.10% 62.20% 56.82%
ENIGMA (Single-Subject) 14,052,420 0.159 0422 81.89% 88.34% 75.09% 78.90% 0.870 0.546 27.60% 59.35% 71.15% 83.06%
ATM-S (Single-Subject) 128,153,110 0.136 0392 73.85% 80.83% 67.56% 71.28% 0.909 0.601 30.15% 60.15% 73.60% 77.14%
Perceptogram (Single-Subject) 4,731,924,800  0.247  0.431 85.46% 88.03% 70.40% 71.98% 0.902 0.581 - - - 79.17%
Alljoined-1.6M
ENIGMA (Multi-Subject) 3,175,392 0.086 0375 63.97% 70.30% 61.49% 64.59% 0.929 0.612 6.00% 18.85% 28.80% 68.07%
ATM-S (Multi-Subject) 12,765,711 0.068  0.427 5349% 53.36% 50.72% 51.46% 0.965 0.668 0.73% 4.13% 7.55% 52.18%
ENIGMA (Single-Subject) 27,112,840 0.079  0.416 63.62% 67.84% 59.57% 62.91% 0.942 0.620 6.00% 16.25% 25.35% 65.43%
ATM-S (Single-Subject) 255,314,220 0.090 0374 5591% 58.25% 54.07% 56.25% 0.960 0.673 0.50% 2.00% 5.00% 60.31%
Perceptogram (Single-Subject)  9,463,849,600  0.094  0.401 67.36% 69.28% 58.18% 59.94% 0.945 0.637 - - - 62.00%

Table 1: Comparison of EEG-to-Image reconstruction models on the THINGS-EEG2 and Alljoined-
1.6M datasets via image similarity metrics. Parameter counts are computed by adding up the number
of parameters used to decode all subjects in each dataset (10 subjects for THINGS-EEG?2, 20 for
Alljoined-1.6M). Details on the human identification accuracy metric are provided in Section 4.1.
For the number of parameters, EffNet-B, and SwAYV, lower is better. For all other metrics, higher is
better. Bold indicates best performance, and underlines second-best performance. Additional details
on the metrics are in Appendix A.2.

Table 1 summarizes the quantitative performance of ENIGMA and baseline methods on both
benchmarks in single and multi-subject configurations. For all methods, we output 10 reconstructions
per test sample from each method and report averaged image feature metrics across them. For
multi-subject configurations (our primary evaluation target) ENIGMA achieves the best scores on all
metrics, indicating our subject-specific layers are enabling our model to scale across subjects from
both datasets. For single-subjects, our model still provides state-of-the-art (SOTA) performance on
the majority of metrics. We note that although many of the listed metrics are often used as a proxy
for human judgment, research has established that these metrics do not closely approximate or align



with human assessments of content [24] or quality [25]. Thus, we also provide human identification
accuracy scores in the "Human Raters" section, discussed further in Section 4.1.

4.1 Human Behavioral Evaluations

For brain decoding models to be used in BCI applications, users, scientists, and clinicians need to be
able to meaningfully interpret the outputs of such models. Thus, human judgments of the quality of
EEG-to-Image reconstructions is an important performance metric. In light of this, we conducted a
large-scale online behavioral experiment where human raters (n = 545) assessed the quality of the
reconstructions. Detailed experiment protocols are in Appendix A.5.

We asked human raters to perform a 2-alternative forced choice judgment about whether a reconstruc-
tion was more similar to the ground truth image than a randomly selected reconstruction of a different
stimulus sampled from the same reconstruction method, dataset, and subject. Accurately matching a
reconstruction to its corresponding stimulus image is a minimum requirement for confirming that the
reconstruction contains meaningful content. Our results (Table 1) confirm ENIGMA as SOTA for
the human identification accuracy of EEG-to-Image reconstructions in all cases.
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Figure 4: (A) Ablation analyses: model variants (numbered icons) in single (square) and multi-subject
(circle) configurations under each ablation type (color) are assessed via the normalized average of
all feature metrics (Table 1), with THINGS-EEG2 performance on the x-axis and Alljoined-1.6M
performance on the y-axis. (B) Scaling analysis of ENIGMA performance on the THINGS-EEG2
and Alljoined-1.6M datasets. The number of training samples are plotted on a log-scale X-axis, and
the normalized average of feature metrics presented in Table 1 is plotted on the Y-axis.

4.2 Ablation Study

To rigorously evaluate model architectures suited for decoding mental images and critically examine
why our method succeeds in multi-subject contexts where ATM-S breaks down, we conducted
extensive ablations on key design choices in our method. Colored numeric identifiers refer to the
ablation results in Figure 4A. ENIGMA is set as (1), [2].

ENIGMA Modules. We find using a linear backbone [3] remains a highly effective way to decode
semantic information from brain activity, although we note that linear models do not provide any
of the parameter efficiency or multisubject benefits of our ENIGMA architecture. We also find that
eliminating the subject-wise encoder (4), [5] harms performance disproportionately in multi-subject
contexts, showing that the module specifically drives cross-participant generalization. Removing the
spatio-temporal convolution stack decreases accuracy in all contexts (6), [7], confirming that joint
space-time feature extraction is essential for capturing the semantic information encoded in brain
activity.

ATM-S Modules. While ATM-S’s (8), diffusion prior slightly improves its performance on
THINGS-EEG2 , we find in our ablation analysis that it significantly harms performance on



the cheaper EEG hardware in Alljoined-1.6M, and on both datasets in multi-subject contexts

We observe a similar outcome with the transformer-based encoder in ATM-S R , Where it
only significantly improves performance on THINGS-EEG?2 in single-subject contexts. We interpret
these results to support our hypothesis that these complex architectural elements are poorly suited to
decoding tasks on the lower-SNR data in Alljoined-1.6M, and that these architectures are not well
suited for capturing nuanced differences between multiple subjects in a unified architecture.

ENIGMA + ATM-S Modules. To evaluate whether the architectural modules introduced by Li et al.
[1] would be beneficial to ENIGMA, we grafted ATM-S’s transformer-based encoder and diffusion
prior training stage onto ENIGMA (14),[15],(16),[17]. We find that both of these modules harm
performance on both datasets in both single and multi-subject contexts, highlighting how our simple
and robust design captures all of the necessary information encoded in brain activity without needing
additional expensive modules.

4.3 Scaling Analysis

As shown in Figure 4B, the reconstruction performance of ENIGMA increases log-linearly with the
number of training samples, with no evident saturation on either dataset. Performance improves more
quickly on THINGS-EEG?2 that was collected on much more expensive hardware. Such divergence
suggests that while sheer data volume does reliably boosts accuracy, the quality of recording hardware
significantly accelerates learning efficiency and leaves headroom for further gains. As highlighted
with the release of Alljoined-1.6M [3], this difference in scaling efficiency between EEG hardware
quality is a key limitation to overcome for practical BCI applications.

5 Discussion

Here we introduce ENIGMA, a subject-unified EEG-to-Image reconstruction model, which achieves
SOTA results on multiple datasets while drastically reducing the number of model parameters relative
to existing approaches, and enabling scalable multi-subject deployment. By combining subject-
specific encoder layers, an efficient spatio-temporal encoding module, and a fast and lightweight
image generator, ENIGMA is able to reliably and consistently reconstruct visual stimuli from multi-
subject EEG recordings with unprecedented semantic accuracy. Our analysis of existing techniques
highlights the balance between optimizing for performance with complex, finely tuned architectures,
and optimizing for robustness and flexibility to consumer-grade EEG data recorded across multiple
participants. ENIGMA aims to strike a balance between these desiderate, and lay a framework for
future research in this space.

Despite fMRI’s dominance in prior neural image reconstruction work, limited accessibility, high
relative cost, and poor temporal resolution make fMRI impractical for real-world BCI applications.
ENIGMA closes the gap between EEG and fMRI reconstructions by achieving semantically mean-
ingful outputs even from consumer-grade EEG signals on the Alljoined-1.6M dataset. This shift
marks a significant step toward deployable decoding systems—potentially enabling applications like
at-home assistive communication tools or rapid stimulus decoding in clinical and research settings.
The success of ENIGMA demonstrates that the semantic bottleneck traditionally attributed to EEG
recordings is not entirely an inherent data quality limitation, but a function of suboptimal encoding
and decoding strategies. Compared to fMRI, EEG provides vastly inferior spatial resolution, yet it
remains a much more practical modality for downstream BCI applications, as fMRI is not possible
to deploy outside of a lab. Our results suggest that with such lightweight, subject-adaptive architec-
tures in place, EEG has plenty of practical utility as an interface for applications of brain decoding
technology.

5.1 Current Limitations

Despite training on 30 participants, ENIGMA’s cross-subject transfer does not introduce any measur-
able data efficiency benefits, i.e., pre-training does not meaningfully reduce the tens of thousands of
trials still required to fine-tune on a new subject. Our investigation into the quality of the CLIP embed-
ding space also raised questions on developing metrics that better respects the non-linear geometry of
the manifold. Our model has so far been validated only in a tightly constrained image-reconstruction



paradigm, leaving its utility for more open-ended BCI tasks untested. We plan to explore the above
research avenues in future work.

5.2 Ethical Considerations

Research aimed at decoding cognitive states is rapidly growing in scope and capability. While these
endeavors promise clear downstream benefits, they also raise serious questions about broader societal
implications and their potential for misuse. Hence, the importance of developing an ethical framework
for the application of brain decoding devices that rigorously safeguards users’ data and ensures that
the technology is deployed transparently, responsibly, and for the benefit of humankind [26].
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A Appendix

A.1 Data Processing and Format

Raw EEG was stored in standard . edf files and pre-processed with MNE-Python [27]. The Emotiv
firmware applies a dual 50/60 Hz notch by default, effectively attenuating frequencies above 43 Hz,
so we added a 0.5 Hz high-pass and an extra 60 Hz notch to suppress residual line noise. We epoched
continuous recordings from —200 ms to 1000 ms relative to image onset. Synchronisation glitches in
the Emotiv trigger stream led us to discard 0.55-1.12% of trials, which was comparable to exclusion
rates reported in earlier Emotiv evaluations [28, 29]. Epochs were then baseline-corrected to the pre-
stimulus window and resampled to 250 Hz to match the ATM-S benchmark [1]. Finally, we performed
multivariate noise normalization [30] where we whiten input data to improve signal-to-noise ratio.
Note that we estimate the whitening matrix only on the training partition to avoid data contamination.
This yielded samples zgpg € RV*NT with N = 64 channels for THINGS-EEG2, No = 32
channels for Alljoined-1.6M, and N = 250 time points for both datasets. For multi-subject models,
all models require the same channel count across all subjects, and so for these models we subsample
THINGS-EEG?2 to the same 32 channels present in Alljoined-1.6M. For an analysis of this step on
performance, see Appendix A.4.

A.2 Additional Details on Evaluation Metrics
We use the following image similarity metrics:

 PixCorr is the pixel-level correlation between the ground-truth images and reconstructed
images.

* SSIM is the structural similarity index metric [31].

» AlexNet(2) and AlexNet(5) are the 2-way comparisons (2WC) of layers 2 and 5 of AlexNet
[32].

* CLIP is the 2WC of the output layer of the CLIP ViT-L/14 Vision model [S].

* Incep is the 2WC of the last pooling layer of InceptionV3 [33].

* Eff and SwAV are distance metrics gathered from EfficientNet-B13 [34] and SwAV-
ResNet50 [35] models.

For the metrics in Table 1, a two-way comparison (2WC) evaluates whether the feature embedding of
the stimulus image is more similar to the feature embedding of the target reconstruction, or the feature
embedding of a randomly selected "distractor" reconstruction, where the score is the percent of
correctly identified target reconstructions across a pool of "distractors”. Our 2WC metrics, calculated
using reconstructions of the 199 other test-set stimuli as "distractors", have a notably different chance
threshold from 2WC metrics presented in reconstruction papers that perform evaluations using a
test set with a different number of "distractors", such as the shared1000 test set of NSD [4], and are
thus not directly comparable. All metrics in Table 1 were calculated and averaged across 10 images
sampled from the output distribution of each method using a random seed. All metrics in Table
were calculated on our reproduction of other methods using their open source code, and might differ
slightly from metrics reported in the original papers due to our implementation of the metrics we
calculated.
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A.3 Statistical Significance of Evaluation Metrics

Method Low-Level High-Level Human Raters
PixCorr 1 SSIM 1T Alex(2) 1T Alex(5)1 Incept CLIPT Eff| SwAV ] Ident. Acc. T
THINGS-EEG2
ENIGMA (Multi-Subject) +0.0014 £0.0014 +0.15% =+0.12% =+0.20% +0.19% +0.0008 +0.0008  +0.89%

ATM-S (Multi-Subject) £0.0009 £0.0010 +0.20% +0.20% =£0.21% +0.21% +0.0004 +£0.0006  +1.15%
ENIGMA (Single-Subject) +0.0014 £0.0014 +0.14% +0.11% =£0.20% +0.18% +0.0008 +0.0008  +0.87%
ATM-S (Single-Subject) 40.0013 £0.0013 +0.17% +0.15% =£0.21% +0.20% +0.0007 £0.0008  +0.97%

Perceptogram (Single-Subject) +0.0014 +0.0015 +0.12% =+0.11% =£0.20% +0.20% +0.0007 +£0.0007  +0.94%
Alljoined-1.6M
ENIGMA (Multi-Subject) +0.0007 £0.0008 +£0.14% +0.13% =+0.15% +0.15% =£0.0005 £0.0005  +0.77%

ATM-S (Multi-Subject) +0.0007 £0.0007 +0.14% +0.15% =+0.15% +0.15% =+0.0003 +0.0004  +0.82%
ENIGMA (Single-Subject) £0.0007 £0.0009 +0.14% +0.14% =£0.15% +0.15% +0.0004 £0.0005  +0.78%
ATM-S (Single-Subject) 40.0007 £0.0008 +0.14% +0.15% =£0.15% +0.15% +0.0004 £0.0005  +0.80%

Perceptogram (Single-Subject) +0.0008 +0.0010 +0.13% =+0.13% =£0.15% +0.15% +0.0004 +0.0005  +0.79%

Table 2: Standard error measurements for evaluation metrics of EEG-to-Image reconstruction models
evaluated on the THINGS-EEG2 and Alljoined-1.6M datasets. Values correspond to the standard
error spread of values in Table 1 in the manuscript.

A.4 Channel Count Ablation Analysis

ENIGMA Performance vs. Channel Count

Categories
@ ENIGMA (Alljoined-1.6M)
0.62 @ ENIGMA (THINGS-EEG2)
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Figure 5: Channel count analysis of model performance for each dataset. The number of channels in
each dataset was progressively reduced, while the remaining channels focus primarily on occipital
cortex. The Y axis is plotted the same as Fig. 4B.

A commonly-asked question is the number of channels needed to obtain high quality reconstructions
from EEG-to-Image reconstruction models. We analyzed how the number of channels affects
decoding performance using ENIGMA, and explored whether this contributed significantly to
differences in performance between performance on the two benchmark datasets. We sub-sampled
varying numbers of channels from both datasets, while retaining a focus on covering occipital cortex.
We find that while performance did drop with fewer channels, channel count is not the most significant
factor accounting for the performance difference between the datasets, and performance starts to drop
off after 24 channels for both datasets. This suggest that it might be possible to achieve reasonable
decoding performance with fewer than 32 channels.
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A.5 Behavioral Evaluation Experiments

To evaluate the quality of EEG-to-Image reconstruction models applied to our dataset, we conducted
a behavioral experiment on 545 human raters online. For our experiment, we identified no risks to
the human participants, and collected informed consent from all participants.

The experiment stimuli consists of image reconstruction sampled from the 30 subjects across THINGS-
EEG?2 and Alljoined-1.6M from all methods and cases in Table 1. The images were shuffled and 60
images presented to each subject. We use attention checks to identify whether human raters were
paying attention to the task and the instructions and dropped 8 human raters who failed at least 2 out
8 attentions checks before analysis. An attention check presents the ground truth image as one of
the candidate images and raters have to select the candidate ground truth image (as an image is most
similar to itself) to pass.

Our subjects were recruited through the Prolific platform, with our experimental tasks hosted on
Meadows. Each human rater was paid $1.25 for the completion of the experiment, and the median
completion time was 5 minutes, resulting in an average payment rate of $15/hour. The code to
reproduce our experiment can be found in our anonymized GitHub repository.

A.5.1 2AFC Identification Task

Select which of the two candidate images is most similar to the reference image (red outline).

Figure 6: An example of the 2 alternative forced choice task used in our behavioral experiment
performed by human raters.

Our experiment was a 2 alternative forced choice task (2AFC) facilitated by the "Match-To-Sample"
task on the Meadows platform. An example of the first experiment can be seen in Figure 6. In this
experiment, human raters were asked to select which of two candidate images was more similar to
a reference image. The reference image provided is the ground truth image the subject either saw,
and the 2 candidate images were the target reconstruction of the reference image, or a randomly
selected reconstruction from an EEG recording corresponding to a different stimulus. The two
candidate images were always sampled from the same reconstruction method and subject. This
experiment was repeated for all reconstruction methods, model types, datasets, and subjects. With the
results presented in Table 1, we establish a baseline for human-rated image identification accuracy of
seen image reconstructions from EEG, as no other paper has conducted behavioral evaluations of
EEG-to-Image reconstructions.

A.6 Subject-wise Correlation Plots

A desirable quality of brain decoding models is to having a model that produces consistent outputs
across multiple subjects viewing the same image. To explore this, we plotted the mean correlation of
the predicted cggg vectors across subjects from both datasets in Figure 7. The bottom row of the figure
plots the mean correlation for single-subject models. We note that when training individual models
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Figure 7: Subj jeetPe i teted-CEP-embedd ings from differ-
ent subjects in THINGS EEG2 (green) and A11J01ned 1. 6M (red) Plots are displayed for all methods
in Table 1 in both single and multi-subject configurations. The top right figure plots the human identi-
fication accuracy from the behavioral experiment in Section 4.1 (averaged across THINGS-EEG2
and Alljoined-1.6M subjects) against the average of the off-diagonals of the correlation matrices.
Chance performance for human identification is 0.5.

for each subject, models generally have poor subject-wise correlations, i.e., many off-diagonal entries
have correlation < 0.5, demonstrating that single-subject models are learning embeddings that are
mostly subject-independent. While both the ENIGMA and ATM-S models appear highly correlated
in the multi-subject case, the ATM-S model is actually almost entirely "collapsed”, i.e., every test
image produces a near identical reconstruction, resulting in near-chance image identification scores.
The top right subplot visualizes both subject-to-subject correlations and reconstruction performance
on the X and Y axis respectively, with our multi-subject ENIGMA architecture landing in the
desirable top right corner.
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Figure 8: Subject-to-subject Pearson correlation matrices of predicted post-subject-wise-layer em-
beddings from different subjects in THINGS-EEG2 (green) and Alljoined-1.6M (red). Plots are
displayed for ENIGMA and ATM-S in both single and multi-subject configurations.
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In Figure 8, we plot the mean correlation of the xggg embeddings produced by the subject-specific
modules of ENIGMA and ATM-S with the raw EEG recordings as baseline. Notice the lack of
structure in the zpgg embeddings for the single-subject configurations of ENIGMA and ATM-
S as compared to the raw EEG recordings (which already surfaces inherent differences between
the subjects from THINGS-EEG?2 and Alljoined-1.6M). This is expected as each single-subject
model is subject-specific, hence the embeddings should not be correlated. We observe that xggg
embeddings for multi-subject configurations of ENIGMA and ATM-S have much more obvious
correlation structures both for within-dataset subjects and across-dataset subjects. In particular, the
linear transform of multi-subject ENIGMA accentuates existing correlation structure in the raw EEG
recordings for within-dataset and across-dataset subjects, i.e., increases the magnitude of positive
correlations for within-dataset subjects and negative correlations for across-dataset subjects. In the
case of multi-subject ATM-S, the attention layers have more or less ensured that all subjects correlate
positively across categories but not too much as in that in CLIP latent space. This further strengthens
our hypothesis that multi-subject ATM-S is overfitting in the CLIP latent space, hence explaining its
poor performance in Table 1.
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